Abstract: Forest vegetation carbon patterns are significant for evaluating carbon emission and accumulation. Many methods were used to simulate patterns of forest vegetation carbon stock in previous studies, however, uncertainty apparently existed between results of different methods, even estimates of same method in different studies. Three previous methods, including Atmosphere-vegetation interaction model 2 (AVIM2), Kriging, Satellite-data Based Approach (SBA), and a new method, High Accuracy Surface Modeling (HASM), were used to simulate forest vegetation carbon stock patterns in Jiangxi Province in China. Cross-validation was used to evaluate methods. The uncertainty and applicability of the four methods on provincial scale were analyzed and discussed. The results showed that HASM had the highest accuracy, which improved by 50.66%, 33.37% and 28.58%, compared with AVIM2, Kriging and SBA, respectively. Uncertainty of simulation of forest biomass carbon stock was mainly derived from modeling error, sampling error and statistical error of forest area. Total forest carbon stock, carbon density and forest area of Jiangxi were 288.62 Tg, 3.06 kg/m 2 and 94.32×10 9 m 2 simulated by HASM, respectively.
Introduction
Forest is the largest carbon pool of terrestrial ecosystem, containing more than 80% of global above-ground carbon (Dixon, 1994) . However, it is controversial that forest is a carbon sink or a carbon source. As accumulating carbon from atmospheric CO 2 via photosynthesis, forest is a carbon sink; on the other hand, climatic warming, deforestation and land use change make forest a major carbon source in some areas (IPCC, 2007) . Consequently, simulating dynamic forest biomass carbon patterns accurately is significant for demonstrating forest carbon sink and source worldwide and regionally.
Estimation of forest vegetation carbon stock is the basis of simulation of forest biomass carbon patterns. Methods for estimating forest vegetation biomass carbon stock on national and regional scale have been developed, e.g. mean biomass density method Lugo, 1984, 1992) , volume-derived method Wang et al., 2001) and Satellite-data Based Approach (Piao et al., 2005; Tan et al., 2007; Yao et al., 2015) . The volume-derived method is regarded as the reasonable and reliable method so far, which has been widely applied (Fang et al., 2001 (Fang et al., , 2007 Pan et al., 2004; Xu et al., 2007; Wang et al., 2009; Ren et al., 2011) . Fang et al. (2001) declared that forest of China was a carbon source during 1949 to the late 1970s, yet a carbon sink during the late 1970s to the late 1990s. Improving the parameters based on Fang's study, Zhang et al. (2013) In previous studies, the methods for simulating forest biomass or carbon patterns could be generalized as four forms:
(1) Vegetation dynamic models (e.g. CENTURY (Parton, 1987; Parton, 1993) , FOREST-BGC (Running, 1994) , CEVSA (Cao and Woodward, 1998) , LPJ-DGVM (Sitch et al., 2003; Zhao et al., 2014) , and AVIM2 (Huang, 2005; Huang et al., 2008) . These models simulate photosynthesis, respiration and carbon accumulation of vegetation and cycles of water, heat and nitrogen, based on relationships between growth and climatic factors, soil properties, and so on. Dynamic vegetation carbon stock on large temporal and spatial scale could be monitored accurately by vegetation dynamic models.
(2) Geo-statistical methods (e.g. Kriging (Sales et al., 2007) ), is based on the fact that the carbon density of adjacent patterns are correlative. These methods are appropriate to simulate forest carbon stock in the case of adequate even-distributed sampling. Sales et al. (2007) simulated forest carbon stock pattern in Brazilian Amazon region by Kriging with external drift, with accuracy improved.
(3) Satellite-data Based Approach (Piao et al., 2005; Tan et al., 2007) , is a method for simulating patterns of forest vegetation carbon stock via empirical models derived from measured biomass carbon samples and satellite data. Foody et al. (2003) developed empirical models derived from vegetation indexes (from Landsat TM data) for tropic forest biomass estimation at sites in Brazil, Malaysia and Thailand, and declared that the relationship between predicted and measured biomass differed markedly among sites. Piao et al. (2005) developed a regression model derived from NDVI (from the NOAA/AVHRR land dataset) and National Forest Resource Inventory database, and simulated national forest biomass carbon patterns in China.
(4) HASM (Yue, 2011), a new method of surface modelling based on the fundamental theorem of surfaces, has been successfully applied to DEM construction (Yue et al., 2007 Chen and Yue, 2010; Chen et al., 2013a,b) , filling voids in the Shuttle Radar Topography Mission (SRTM) dataset (Yue et al., 2012) , simulation of mean annual temperature and precipitation Zhao and Yue, 2014a, b) and modelling soil properties (Shi et al., 2011 ), soil pollution (Shi et al., 2009 ) and drivers of soil change (Shi et al., 2012) . Sun et al. (2013) and Zhao et al. (2014) applied HASM to forest biomass and carbon stock monitoring, with improved accuracy. However, the difference apparently existed between results of different methods, even results of the same method in different studies. In this study, four methods, including AVIM2, SBA, Kriging and HASM, were used to simulate patterns of forest vegetation carbon stock of Jiangxi Province of China. The uncertainty and applicability of the four methods on a provincial scale were analyzed and discussed.
Data

Statistic data
The statistic data is from Jiangxi Province section of National Forest Resource Inventory (NFRI) database for China, collected from 2004 to 2008. Forest stands biomass was estimated by a volume-derived method. The area weighted mean forest stands biomass of each forest stand type was calculated by Eq. (1):
where W is area weighted mean forest stands biomass (Mg/ha), V is area weighted mean forest volume (m 3 /ha), a (Mg/m 3 ) and b (Mg/ha) are parameters related to biomass expression factor. Parameters a and b of all forest stand types are listed in Appendix 1 in Fang et al., 2007. Biomass of economic forests, bamboo, woodlands and shrub forests were calculated by the mean biomass density method. The mean biomass density of economic forests was assumed to be 23.70 Mg/ha (Fang et al., 1996) ; the mean biomass density of woodlands and shrub forests was assumed to be 19.76 Mg/ha (Fang et al., 1996) ; the mean biomass of single bamboo was assumed to be 22.5 kg (Nie, 1994) , and the number per hectare was assumed to be 1831 (Li X et al., 2011) .
Biomass of trees on non-forest lands were calculated as volume multiplied the ratio of biomass and volume, and the ratio was calculated as total biomass divided to total volume of forest stands.
Carbon stock of all forest types were calculated by Eq. (2):
where BCD is forest biomass carbon density (Mg/ha); C C is carbon content. C C of all forest stand types are listed in Table 1 , and C C of other forest types are assumed to be 0.5. Finally, the total forest biomass carbon stock of Jiangxi was calculated by Eq. (3):
where CS is total forest vegetation carbon stock of Jiangxi (Tg); A i (ha) and BCD i (Mg/ha) are area and biomass carbon density of the ith forest type, respectively; n is the number of forest type in Jiangxi.
Measured data
Measured dataset was collected from 2004 to 2008, for SBA, Kriging and HASM and vali-dation, including 1674 sample plots. The plots, whose area was 667 m 2 , were even-distributed across Jiangxi. The tree species was identified and the diameter at breast height (dbh, cm) was measured for every tree with a dbh > 5 cm, and tree height was measured for 3 to 5 average trees in each plot. Heights were estimated by height-iameter equations, for trees haven't measured in height. Biomass of each tree in plots was calculated via tree biomass empirical models (Table 2 ). Carbon stock of each tree was calculated as biomass multiplied by carbon content ( Table 1) . The carbon stock of each plot was the sum of carbon stock of all trees in Table 2 Biomass empirical models for each tree species (Li et al., 2010 
Forest type map
The forest type map (Figure 1 ) applied in this study was obtained from 2 datasets: 1) GlobCover global land cover map for the period from December 2004 to June 2006, at a spatial resolution of 300 m×300 m, includes 6 forest types and 4 mosaic types which might contain forest; 2) GLC2000 global land cover map for the period from November 1999 to December 2000, at a spatial resolution of 1 km×1 km, includes 9 forest types and 2 mosaic types which might contain forest (Table 3) . Dataset 1 was used as primary data, while dataset 2 was used to extract forest patterns from mosaic in dataset 1. 
Figure 1 Location and distribution of forest in Jiangxi Province
AVIM2
Atmosphere-vegetation interaction model 2 (AVIM2) contains 3 modules, including physical process module (PHY), physiological plant growth module (PLT) and soil carbon and nitrogen dynamics module (SOM). SOM can be coupled directly and timely with modules PHY, and PLT. The climatic dataset used in the model was generated by HASM interpolation method , based on the data collected at 49 climate stations located in Jiangxi with a 100-kilometer-buffer area, from 1951 to 2008. The forest type dataset used in the model was the forest type map obtained in 2.3 which contained 5 types: evergreen needle-leaved forest, deciduous needle-leaved forest, evergreen broad-leaved forest, deciduous broad-leaved forest and mixed-leaved forest. The soil texture dataset used in the model was Soil Texture Type Map of China, at a scale of 1:4,000,000. Vegetation respiration parameters and loss parameter for each vegetation type have been adjusted to forests of this province.
Kriging
Kriging (Krige, 1951 ) is a fundamental method in geostatistics, including Simple Kriging, Ordinary Kriging, Co-Kriging, Universal Kriging and Disjunctive Kriging (Kleijnen, 2009 ). Ordinary Kriging is the method used in this study, whose prediction equation expressed by Eq. (4):
where V 0 is the value to be estimated; V i is the value of the ith available sample; ω i is the weight to be estimated; n is the number of available samples; and ∑
The difference between true value and the estimated value (R 0 ) could be calculated by Eq. (5):
where c i,j is the covariance of V i and V j ; c 0,0 is the variance of V 0 ; c i,0 is the covariance of V i and V 0 . Introducing the Lagrange parameter, μ, into Eq. (5) and taking the first order derivative with respect to ω and μ, respectively, the constrained minimization problem can be expressed by Eq. (6): The weight matrix ω could be obtained by solving Eq. (6), then V 0 can be calculated by Eq. (4).
The available samples used in the method were the measured data described in 2.2.
Satellite-data Based Approach (SBA)
An empirical model was developed derived from vegetation indexes, spectral reflectance and topographical factors in this study. 
High Accuracy Surface Modeling (HASM)
HASM is a more complex approach than the previous ones. If the surface can be expressed as
, then the first fundamental coefficients can be formulated as:
The second fundamental coefficients can be formulated as: 
These two coefficient sets must satisfy the following Gauss equation set, 
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where ) ( , are the iterants of the Christoffel symbols of the second kind at the nth iterative step, which depend only upon the first fundamental coefficients and their derivatives.
The matrix formulation of HASM master equations can be respectively expressed as,
(
where A, B and C represent coefficient matrixes of the first equation, the second equation and the third equation; d
, q (n) and p (n) are right-hand side vectors of the three equations respec- 
is the value of the nth iteration of f(x, y) at grid cell (x i , y i );
,
f is value of z = f(x, y) at the pth sampled point (x i , y i ), ,
1,
There is only one non-zero element, 1, in every row of the coefficient matrix, S, making it a sparse matrix. The solution procedure of HASM, taking the sampled points as its constraints, can be transformed into solving the following linear equation set in terms of least squares principle
The parameter λ is the weight of the sampling points and determines the contribution of the sampling points to the simulated surface. λ can be a real number, which means all sampling points have the same weight, or a sector, which means each sampling point has its own weight. An area affected by a sampling point in a complex region is smaller than in a flat region. Therefore, a smaller value of λ is selected in a complex region and a bigger value of λ is selected in a flat region.
and,
HASM has the following formulation,
In terms of Gauss-Codazii equation set, iteration stopping criterion of HASM is formulated as,
where
EI is the iteration stopping criterion of HASM determined by an application requirement for accuracy. The steps of HASM for forest carbon stock simulation are summarized as follows: (1) build forest carbon density surface as an initial surface for HASM iteration process, derived from satellite-data and measured data; (2) calculate the first fundamental coefficients and the second fundamental coefficients as well as the Christoffel symbols of the second kind; (3) solve HASM equations via an iteration process, and obtained an approximate distribution surface of forest carbon; (4) repeat the iteration process until simulation accuracy is satisfied.
Model evaluation
Cross-validation was applied for validation of Kriging, SBA and HASM in this study, which was comprised of four steps: (1) 5% of the sample points were removed for validation prior to model creation; (2) the patterns of forest carbon stock in Jiangxi were simulated at a spatial resolution of 300 m×300 m using the remaining 95% of the sample points; (3) mean absolute error (MAE) and mean relative error (MRE) were calculated using the 5% validation dataset; and (4) the 5% validation dataset was returned to the pool of the available station for the next iteration, and another 5% validation dataset was removed. This process was repeated until all of the sample points were used for validation at least one time. Cross-validation was not essential for validation of AVIM2, because no sample point was required in simulation process of AVIM2. MAE and MRE of AVIM2 were calculated using all sample points. The simulation error statistics for each sample point can be calculated by Eqs. (20)- (21):
where n is the number of validation samples, o i and s i are measured value and simulated value of the ith validation sample.
Result
Validation
Comparison of measured and simulated forest carbon densities was displayed in Figure 2 . The range of forest carbon densities simulated by AVIM2 (0.54-8.64 kg/m 2 ) was seriously different from measured data (0.03-243.25 kg/m 2 ). It was mainly caused by the fact that forests were assumed as mature forest in physiological plant growth module (PLT) and the difference caused by age was overlooked. Forest carbon density simulated by SBA was accordant to measured data when it was less than 150 kg/m 2 , however, it was underestimated when greater than 150 kg/m 2 . A good coincidence was found between measured data and results of Kriging and HASM.
The results of cross-validation were display in Table 4 . The MAE and MRE of AVIM2 method were 2.63 kg/m 2 and 79.79%, respectively. The MAE and MRE of SBA method were 1.90 kg/m 2 and 57.71%, respectively. The MAE and MRE of Kriging method were 2.06 kg/m 2 and 62.50%, respectively. The MAE and MRE of HASM method were 0.96 kg/m 2 and 29.13%, respectively. The accuracy of AVIM2 was lower than SBA, Kriging and HASM. The simulated distribution by AVIM2 was consistent with potential distribution of forest carbon stock, taking into account that the simulation process strongly related to climate and soil properties. In other words, the result simulated on large scale would be more accurate than that on provincial scale. The accuracies of SBA and Kriging approximated to each other, being about 60% of The carbon stocks and carbon density of Jiangxi calculated by the four simulation methods were compared with the result calculated by volume-derived method (Table 5 ). The results of simulation methods, except for AVIM2, were close to the results of volume-derived method. Particularly, the bias of SBA and HASM were less than 10%.
Total forest carbon stock of Jiangxi
In previous studies, the definitions of forest vegetation carbon stock were inconsistent. In some studies, e.g. Fang et al. (2001) , forest vegetation carbon stock was regarded as the carbon stock of forest stands; while in other studies, e.g. Zhang et al. (2013) , it was treated as a sum of carbon stocks of forest stands, economic forests, bamboo, special shrubbery, woodlands and trees on non-forest lands. In this study, to avoid confusion, the first definition was considered as forest stand vegetation carbon stock (SCS), and the second definition was considered as forest vegetation carbon stock (CS), which contains SCS. Accordingly, the area weighted mean carbon stocks of forest and forest stand were forest vegetation carbon density (CD) and forest stand vegetation carbon density (SCD), respectively. 9 m 2 , respectively. C stocks of needle-leaved forests, broad-leaved forests and mixed-leaved forests were 122.33, 83.82 and 25.82 Tg, respectively. C density of these three forest types were 2.60, 3.84 and 3.25 kg/m 2 , respectively. Needle-leaved forest was the largest C pool, and broad-leaved forest had the highest C density in forest ecosystem in Jiangxi. C stock of economic forests, bamboos, woodlands, shrub forests and trees in non-forest were 14.26, 17.54, 0.44, 1.96 and 31.80 Tg, respectively. Distribution of forest vegetation carbon stocks simulated by HASM was showed in Figure 3 . Forest carbon stocks were equably In previous studies (Huang, 2005; Ji et al., 2008) , AVIMs were applied in simulation of NPP, NEP and biomass carbon stock on global and national scale. In Huang (2005) , the simulated biomass of each forest type of China (including deciduous needle-leaved forests, evergreen needle-leaved forests, deciduous broad-leaved forests, evergreen broad-leaved forests and mixed-leaved forests) was consistent with CEVSA (Li et al., 2003) and Fang et al. (1996) . However, it was insufficient in forest carbon stock pattern simulation on provincial scale in this study, which might be caused by the fact that the real distribution of forest carbon stock in Jiangxi deviated from the potential distribution, which the result of AVIM2 was consistent with. Forest distribution and forest carbon stock patterns obviously changed in some regions or provinces of China in the past 65 years. During 1949 to the late 1970s, forest was felled for reestablishment, which caused that the percentage of forest cover of Jiangxi decreased from 40.36% to 32.80%. Since the late 1970s, forest conservation and restoration projects were beginning to implement, as a result, the percentage of forest cover of Jiangxi increased to 58.32% in the early 21st century. However, afforestation and introduction of exotic tree species disturbed the ecological succession, making the potential relationship between distribution of forest carbon stock and ecological factors indistinct. The dominant factors on forest growth changed from ecological factors (e.g. temperature, precipitation, soil properties) to management tactics (e.g. felling, forestation, introduction of exotic tree species) in Jiangxi.
Simulated CD by SBA (3.25 kg/m -2 ) was overestimated in our study. The critical source of bias might be the empirical model which had a low accuracy (R 2 =0.309). In Piao et al. (2003) were close to our study, due to the similar dataset and same method.
Uncertainties in simulations of forest carbon stock patterns
Mechanism of SBA, Kriging and HASM
SBA is based on the relationship between biomass C density and factors, while Kriging is based on spatial autocorrelation of samples. Regarding longitude, latitude and C density as x, y and z axes, C stock patterns could be regarded as a surface in three-dimensional space. The relationship between biomass C density and factors and the spatial autocorrelation of samples might be the external and internal characteristic of the surface, respectively. Table 6 showed that C density was significant related to satellite data and geographic factors, which approved that SBA was a competent method for simulation of forest vegetation carbon stock patterns in macroscopic way. Predicted semi-variance (Eq. 22) indicated that spatial autocorrelation of samples was conspicuous, which approved that Kriging could be an appropriate method for simulation of forest vegetation carbon stock patterns in microscopic way. HASM considered both external characteristic (derived from satellite data and geographic factors) and internal characteristic (derived from samples) of the surface, and improved accuracy of simulation by fusing macroscopic and microscopic information. Table 6 Correlation coefficient (R) between biomass C density and factors. ** means the factor was significantly correlated to biomass C density, P < 0.01. 
Even the accuracy of HASM had improved due to fusion of satellite data and sampling data, the models and the mechanism of HASM for simulation of forest carbon stock patterns should be further improved.
Uncertainties in estimates of volume-derived method
The estimates of volume-derived method were regarded as true values for simulations of forest carbon stock patterns. However, uncertainties confirmedly existed in field biomass data, empirical biomass-volume equations and assumed carbon contents (Zhang et al., 2013) , which might induce errors in simulations. Even we collected carbon content of each species for carbon calculation, the main errors would still descend to simulations.
Effect of forest area on estimated CS
The difference in calculated forest area was a significant cause of uncertainty of CS (or SCS) calculation. Comparing with Li X et al. (2011) , forest stand area in period from 2004 to 2008 calculated in our study was underestimated. As a result, the SCS calculated in our study was lower than that in Li X et al. (2011) , although the SCD was higher.
On the other hand, the confusion of area was a critical cause of the difference between the results of simulation methods and estimates of volume-derived method. Generally, the area in forest carbon stock patterns simulation contained the area of forest stand, bamboo, economic forests and some woodlands, while the measured sampling plots were only located at forest stands. In other words, bamboo, economic forests and some woodlands which have lower carbon density were regarded as forest stand in the process of simulation. Due to this reason, the simulated CD by HASM (3.06 kg/m -2 ) was overestimated, while it was close to SCD calculated by volume-derived method (3.02 kg/m -2 ).
Conclusions
This study simulated forest vegetation carbon stock patterns of Jiangxi Province using four simulation methods, including AVIM2, Kriging, SBA and HASM. The results were validated through cross-validation, and were compared with the estimates of volume-derived method.
The main conclusions can be drawn as follows:
(1) HASM was the method which had the highest accuracy for forest vegetation carbon stock patterns simulation, followed by SBA, Kriging and AVIM2. AVIM2 is an appropriate method for simulating forest carbon stock distribution on large scale, yet not applicable for that on provincial scale. HASM improved accuracy by fusing macroscopic information from satellite data and microscopic information from measured data.
(2) CS, CD and forest area of Jiangxi calculated by volume-derived method were 267.31 Tg, 2.76 kg/m -2 and 97.36×10 9 m 2 , respectively. They were 288.62 Tg, 3.06 kg/m -2 and 94.32×10 9 m 2 by HASM, respectively. Compared with volume-derived method, the CS and CD were overestimated by HASM, due to confusing economic forests and bamboos with forest stands.
(3) Simulation errors of methods or models were the main source of uncertainty of forest carbon stock patterns simulation. In addition, two more causes induced the uncertainty: a) errors in estimates of volume-derived method which were regarded as true values in simulations descend to simulations; b) forest type maps were different in each study, causing inconsistence of forest area. And forest was confused with forest stands in some studies, causing inconsistence of forest carbon density.
